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Diagnostics and elimination of airflow separation effects draw essential atten-
tion of researchers in the areas of energy generation, civil engineering, and
aerospace due to unwanted and harmful interaction of separated airflow with
different structures. In aviation, distortion of the intake airflows of an aircraft
engine, known as intake separation, not only reduces the efficiency of the
engine due to decrease in air intake but also interacts with engine structural
components, for example, blades, significantly increasing their vibration. This
leads to fatigue and subsequent accelerated failure of these components.
Therefore, health monitoring and diagnostics of the intake separation effects
using structural health monitoring (SHM) framework are of high importance
for ensuring both optimal engine performance and its safe operation. In the
present paper, a novel health monitoring technology based on advanced signal
processing, the integrated higher order spectral technique, is applied for the
first time in worldwide terms for in‐service intake separation diagnostics in air-
craft engine using casing vibration data.
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vibration1 | INTRODUCTION
Investigation of flow separation effects in gas turbines is of high importance for a wide range of applications, such as
energy generation, civil engineering, and aviation. Aviation is clearly one of the critical areas of application due to sever-
ity of consequences. As it is mentioned in Cohen et al,1 the intake is a critical part of an aircraft engine installation,
having a significant effect on both engine efficiency and aircraft safety.
Flow separation at the intake of aircraft engines can be caused by number of reasons, including design flaws and
winds blowing across the direction of the airflow at the engine inlet or the crosswinds.1,2 Wind is an important factor
that needs to be taken in consideration. It creates excessive vibrations in tall buildings and other wind‐sensitive
structures, thus increasing the risks of losing their structural integrity.3,4 In case of an aircraft engine, wind (espe-
cially the crosswind) modifies interaction of the airflow with engine inlet structures, where geometry of the intake- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -
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2 of 14 GELMAN ET AL.defines parameters of the airflow ingested by the engine and resistance to flow separation at varying operational
conditions.5
It is known for a long time that flow separation effects in the intake due to crosswinds make a detrimental impact not
only on performance of the aircraft engine but also lead to significant increase of structural vibrations, for example,
blade vibrations. Therefore, timely in‐service detection of the intake separation phenomena is required in order to pre-
vent the accelerated fatigue and structural damage of aircraft engine structures, such as blades that may cause cata-
strophic failures of the engine and the aircraft.
Many nondestructive testing (NDT) techniques, used for damage detection in aircraft engine structures, are time‐
consuming and involve significant costs. The NDT inspections are normally performed off‐line at a pre‐defined time
intervals and cannot capture the problem that can be developed after exposure of aircraft engine structures to significant
excitation, for example, as a consequence of intake separation occurrence. The structural health monitoring (SHM)
framework can help in addressing this problem by providing continuous information about structures being monitored
from embedded sensors.6,72 | STATE OF THE ART
Vibration response of structures is an important source of information that allows for effective health monitoring of
structures.8,9 Vibration data collected from the structures in unsteady conditions, such as those due to flow separation
events, will contain the forced and potentially nonlinear response of the structures (e.g., blades in case of gas turbines)
to these excitations.
One of the mechanisms of inducing vibration in structures is related to their interaction with winds and, more gen-
erally, with turbulent air flows. Flow separation, as one of the reasons for creation of the turbulent airflow, usually
occurs when the flow suddenly moves away from a body or a structure or returns to it. Flow separation at different con-
ditions can lead to development of separation bubbles (if flow reattachment occurs) or to transition from laminar to tur-
bulent flow.10,11 In gas turbines the resulting heterogeneity of the flow may cause aerodynamic instabilities of blades or
even stall.12 It is known13 that for certain flow configurations, airfoil emits discrete acoustic tones; that is, it vibrates.
Single or multiple tones can be observed in different configurations.14-16 It is accepted that underlying effect in all cases
is hydrodynamic instability13; in particular, this can be due to presence of the separation bubble.17 It has to be men-
tioned that the mechanism of the effect is still not fully understood,13 but it is shown14,16 that if multiple tones are
observed, frequencies of the tones are spaced regularly.
When the excitation frequencies created by hydrodynamic instabilities are close to an eigenfrequency of a structure,
such as a blade in the engine, the blade will resonate. In this case, amplitude of a blade vibration can grow significantly,
leading thus to a structural damage of a blade due to fatigue. As a result of the increased vibration level, generation of
additional multiple superharmonic components of the excitation frequency in a blade vibration response is expected
because of its inherent structural nonlinearity.
It was shown18 that flow separation in Lockheed C‐141 Starlifter engine generates structural vibrations in blades, caus-
ing their accelerated fatigue. These structural effects are also valid for a smaller scale objects, such as industrial fans. It is
confirmed experimentally19,20 that flow distortions due to crosswinds lead to increase in levels of structural vibrations of
fan blades. It was found, in particular, that both acoustic and vibration structural responses of blades due to crosswind
are similar and contain multiple superharmonics of the rotation frequency as well as first eigenfrequency of the blade.
The literature review undertaken by the authors has revealed that a significant amount of publications related to
investigation of flow separation events is based on the computational fluid dynamics (CFD) methods. They are able
to predict a flow separation, analyze its influence on gas turbine's performance, and optimize of design for the best per-
formance.10,12,21-24 Therefore, numerical methods based on the CFD are powerful instruments for optimal turbine
design, analysis, and prediction of the flow separation phenomena. However, due to the complexity of real turbines,
variety of real conditions, and relatively high computational cost of CFD simulations, these methods are of a limited
use for the in‐service flow separation detection in turbines during their operation.
Present methods of experimental detection and diagnostics of flow separation events at different surfaces are rather
laboratory based and rely on use of wind tunnels, instrumented with flow visualization tools: smoke or oil
complemented by sensor arrays for measurement of pressure distributions, for example, Pitot and Kiel probes1 and
piezoresistive pressure sensors.11 Instruments for measurement of the local flow velocities, such as hot wires, hot films,
and laser Doppler anemometers, are also widely used.11,12,19-22,25-28
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tion, experimental detection and diagnostics of the flow separation are predominantly based on simple signal processing
techniques.
In works,11,21,28 conclusions about presence of flow separation are made on the basis of visualization of flow
parameters, for example, velocity and pressure profiles and contours. Other authors, in order to detect flow separa-
tion, complement flow parameter visualization by various signal processing techniques. Cross‐correlation estimates
between wall pressure and streamwise velocity components are analyzed by Liu et al25; Rudmin et al27 consider cor-
relation between adjacent hot film sensor signals for flow separation detection. Low order spectral estimates are fre-
quently used to support analysis of the separated flow behavior. For example, work25 used an autospectrum of wall
pressure values for analysis of flow separation effects; study26 implemented power spectrum and coherence of pres-
sure measurements for analysis of a separated flow; research27 use power spectra of hot film signals to show the
difference between them before and after flow separation. Other authors19,20 applied spectral analysis to blade vibra-
tion signals from laser scanning vibrometer to investigate effects of local flow instabilities due to crosswind on the
structural vibration of an axial fan blade. Some studies implement more complex and sensitive techniques: Γ func-
tions with entity connection graphs applied to velocity and pressure measurements22 and autocorrelation based on
the continuous wavelet, transform of pressure measurements25 for flow separation detection, diagnostics, and
analysis.
Experimental studies in the above publications present measurement methodologies, test rigs, corresponding signal
processing techniques, and results with great amount of details for aerodynamic research and design purposes. Unfor-
tunately, their application to in‐service flow separation diagnostics in the mass production gas turbines, such as aircraft
engines, is not possible due to intrusive nature of measurements, complexity of both post‐processing, and analysis of
results. Also, none of the publications found by authors consider flow separation diagnostics using nonintrusive mea-
surements, such as structural vibration signals (from casing vibration sensors), which are already present in many air-
craft engines.
Vibration signals acquired by sensors on engine casing contain large number of components related to flow separa-
tion effects, other phenomena (not related to flow separation), and a wideband noise. Such a complex combination sets
high requirements to signal processing techniques, which may be used for extraction of information about flow separa-
tion from the structural vibration signal. Therefore, considering detection of the flow separation effects using vibrations
of an aircraft engine, it can be concluded that signal processing techniques mentioned above are not optimal for flow
separation diagnostics in terms of their sensitivity and immunity to a wideband noise.
Here, the higher order spectral (HOS) techniques may deliver better results. These techniques are well understood
and interpreted29; they were successfully applied for a wide variety of problems, including detection of nonlinearities
in structures,7,30 machine fault diagnosis,31 and fatigue testing.32 The HOS techniques are also known to have superior
sensitivity to weak signals on the background of a strong noise33 in comparison with low order spectra, such as the
power spectral density.
At the present time, there are no published works related either to use of the HOS technologies for flow separation
diagnostics or design of diagnostic features suitable for such tasks. Explanation to this fact, in our opinion, can be given
by complex nature of the interaction between intake flow and engine's components, difficulties with analysis of HOS
technologies for such a complex signals and problems with adaptation of HOS techniques to nonstationary intake sep-
aration phenomena, which generally require both nonlinear SHM approach and nonlinear techniques, such as those
discussed in Ciampa et al.7
As a consequence, even known promising higher order techniques cannot be directly applied for intake separation
detection due to complex nature of intake separation event and, therefore, complex nature of vibration signals related
to this event.
So, the problem considered in this paper concerns development of a novel health monitoring technology for
intake separation diagnostics that will take into account complex nature of structural vibration related to the intake
separation event.
Therefore, objectives of the present paper are as follows:
1. To develop and investigate for the first time in worldwide terms a novel health monitoring technology for intake
separation diagnostics based on signal processing of structural vibrations from an aircraft engine.
2. To perform novel optimization of parameters of the developed technology.
3. To obtain novel experimental results related to efficiency of the developed technology.
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In the previous section, we discussed that the novel signal processing techniques, the higher order spectra (HOS) tech-
nologies, may help in identification of flow separation at the aircraft engine's intake based on the engine vibration data.
Due to high sensitivity to presence of phase coupling between spectral components,29 which are produced as a result of
intake separation and consequent nonlinear effects due to high amplitude of the structural vibrations, the HOS technol-
ogies may provide information that will allow diagnostics of flow separation effects. There are two important problems
on the way of development of the HOS techniques for in‐service diagnostics of intake separation.
The first problem is how to develop novel signal processing based on the HOS technologies, generally suitable for
stationary data only,29 to essentially nonstationary signals.
The second problem is related to limited knowledge about amount of available diagnostic information: number of
components created or affected by presence of intake separation, uncertainties about their localization in frequency
domain, and amplitudes.
In order to solve both problems, the novel health monitoring technology developed here for intake separation diag-
nostics is based on the novel signal processing: the nonstationary integral higher order measure of vibration signal non-
linearity due to intake separation event. To enable the proposed integral measure to reflect the time variation of
summed components, the short time HOS technique34 is further developed here for the technology. In order to address
the above‐mentioned problems, the nonstationary HOS technique is developed for the vibration data represented by a
number of overlapping records, covering the whole duration of the analyzed signal
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where Bn is the computed amplitude value of normalized short time higher order spectrum for the nth record at fre-
quency coordinates ( f k, f l), Xi( f k), Xi( f l), and Xi( f k+ f l) are the Fourier transforms of the data segment i for the spectral
components k, l, and k+l with frequencies f k, f l, and f k+ f l; i = 1,…,M, M is the number of the data segments forming
the nth data record, * is a symbol of the complex conjugate.
The computed value of Bn contains multiple components at various frequency coordinates. Some of these com-
ponents are related to appearance of the intake separation and change their amplitudes as intake separation
occurs. Other components will not be changing due to intake separation and describe a baseline of the engine
operation.
The novel health monitoring technology proposed here for intake separation diagnostics is based on summing the
squared magnitudes of the short time higher order spectrum (Equation 1). Only those values that exceed the selected
threshold T are selected for the technology. A background level of the short time higher order spectrum is considered
as an interference for the proposed technology and is removed from the computed feature. This is reflected in the
expression of the diagnostic feature, shown below:
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where f kimin, f kimax and f limin, f limax are the frequency coordinates of the ith local rectangular area for the background
value calculation; i = 1,…,N, N is the number of local rectangular areas in the analyzed HOS; M is the number of com-
ponents of the short time HOS below the threshold T.
The rectangular area of the HOS, utilized for calculation in Equation (2), is illustrated in Figure 1. Let us assume
threshold T = 0.3 in this example. We can see in Figure 1 that there is only one high magnitude component, exceeding
the threshold, in the analyzed rectangular area and the magnitude value of this component is used for summation in
Equation (2). All other HOS values in the considered rectangular area are below threshold and are used for estimation
of the background noise, which is removed from each high magnitude component.
FIGURE 1 Background noise levels in the rectangular local area of the HOS and one high magnitude HOS component
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ence of the background noise. In practice, values of the threshold T could be chosen in the range from 0.2 to 0.9.4 | EXPERIMENTAL DATA DESCRIPTION
Experimental data sets represent two recordings of an aircraft engine run‐up in a crosswind condition. Run‐up param-
eters for these signals represent typical conditions of the engine start up; therefore, it is anticipated that the results of the
analysis performed below could be applicable in many practical situations.
Signals representing structural vibration of the engine were acquired from two sensor types: a casing accelerometer and
a strain gauge installed on one of the fan blades. Strain gauges were installed on two different blades for these two run‐ups.
The data from the casing accelerometer demonstrate a mixture of the multiple components both wideband and nar-
rowband from various sources. Identification of weak signals in this mixture often becomes complex. Therefore, in order
to identify time limits of the intake separation event and to provide a time reference for efficiency estimation of the pro-
posed health monitoring technology, the data from the strain gauges are used. The time identification is performed
according to analysis of the short time Fourier transform (STFT) of the strain gauge data. Once time limits for intake
separation event are identified, the signal processing for event diagnostics is performed using the accelerometer data.
The STFT of the strain gauge data normalized with respect to its maximum value for the first data set is shown in
Figure 2. It can be seen that in the time interval from 24 to 29 s, there is a number of clearly visible spectral componentsFIGURE 2 The normalized short time Fourier transform of the strain gauge data with Z‐axis represented by color and expressed in dB
scale for first engine run‐up
6 of 14 GELMAN ET AL.in the frequency range of up to 900 Hz. The components are both narrowband and wideband, due to the intake sepa-
ration event.
The STFT of the casing accelerometer (Figure 3) in the chosen time interval shows less components than the STFT of
the strain gauge data with exception for a frequency range of up to 100 Hz. Components from vibration data are also less
intensive compared with components from the strain gauge data. Strong components can be seen in the accelerometer
data STFT a few seconds prior to the beginning of the intake separation event (identified from the strain gauge data).
These components may represent Lresponses from other blades, also affected by the intake separation.
The time and the frequency range for the signal processing are set according to observations of the strain gauge data.
Therefore, it is accepted here that vibration data within 24–29 s range from the beginning of the file contain signatures
of the intake separation event. In order to form a reliable baseline of normal engine vibrations, the data fragments
located outside of the identified time limits of the event are selected. Following this strategy, the data before 20th second
of the record and after 40th second are identified as suitable for the baseline. According to visual observations of both
STFT results (Figures 2 and 3), there are no signatures of the intake separation events in the chosen intervals.
Similar procedure was applied to the second data set. STFT plots of the strain gauge and accelerometer data were
calculated using same parameters as for the first data set and are shown in Figures 4 and 5, respectively.
Both STFT plots demonstrate features similar to those from the first run‐up data. According to the STFT of strain
gauge data, the intake separation event is located within the interval 20–24 s of the data record; this information will
be used later, during the result analysis.FIGURE 3 The normalized short time Fourier transform of the accelerometer data with Z‐axis expressed in dB scale for first engine run‐up
FIGURE 4 The normalized short time Fourier transform of the strain gauge data with Z‐axis represented by color and expressed in dB
scale for second engine run‐up
FIGURE 5 The normalized short time Fourier transform of the accelerometer data with Z‐axis expressed in dB scale for second engine
run‐up
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OPTIMIZATION
The diagnostic feature, defined by Equation (2), was calculated for both engine run‐ups using the accelerometer data. In
order to evaluate the effectiveness of the diagnostic feature for diagnostics of the intake separation, the Fisher criterion35
was proposed:
F ¼ μ2−μ1ð Þ2= σ21 þ σ22
 
; (3)
where μ1; μ2; σ
2
1; σ
2
2 are the mean values and the variances for two groups of the diagnostic features being analyzed.
The Fisher criterion in Equation (3) characterizes numerically separation between the diagnostic features obtained
for a time period when intake separation is observed and for periods where there are no intake separation signatures
found.
Optimization of the main diagnostics parameters was performed for the first run‐up data and was based on maximi-
zation of the proposed efficiency criterion (Equation 3). Parameters optimized are those describing the proposed diag-
nostic feature (Equation 1): record size (starting from 3 to 10 s with 1 s step) and segment size (from 0.3 s to 1 s with
0.1 s step). The overlap between the segments and the time step between the consequent records were constant and
equal to 65% and 1 s, respectively. The Hamming weighting window was applied to the segment data in both cases.
As the amount of the experimental data is limited, it was decided to increase it by multiple additions of a small amount
of a random noise, unique for each addition. Thus, for each parameter combination, 20 repeat signal processing estima-
tions were performed with addition of the Gaussian noise to the vibration data, using the signal to noise ratio of 30 dB.
Separate optimization for threshold T in expression of the diagnostic feature (Equation 2) was performed in the interval
from 0.2 to 0.9 with the step of 0.1.
In terms of the Fisher criterion (Equation 3), characterizing the separation between the diagnostic features inside and
outside of the intake separation area, the best results were obtained using the external window size of 4 s and the seg-
ment size of 0.5 s.
Values of the short time higher order spectrum (Equation 1) within the range 0–1000 Hz for both frequency axes,
representing the first quadrant of the bi‐frequency plane, are shown in Figures 6–8. Figure 6 is calculated for the time
range before the beginning of intake separation (from 16 to 20 s of the accelerometer data), Figure 7 is for the intake
separation time range (from 24 to 28 s of the accelerometer data), and Figure 8 is for the time range after the intake
separation area (from 40 to 44 s of the accelerometer data).
As one can see from Figures 6–8, the short time higher order spectrum for the data representing the intake separation
visually contains more components with magnitudes in the range 0.2–0.4 than the short time higher order spectrum for
the data without the intake separation. The histograms of the raw HOS values for the results shown in Figures 6–8 are
presented in Figure 9. It can be seen that histograms of HOS values before and after intake separation demonstrate a lot
FIGURE 7 Magnitude values of the short time higher order spectrum during the intake separation event for the first run‐up data
FIGURE 6 Magnitude values of the short time higher order spectrum before the beginning of the intake separation event for the first run‐
up data
FIGURE 8 Magnitude values of the short time higher order spectrum after the end of the intake separation event for the first run‐up data
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FIGURE 9 Histogram of the raw HOS values for the first run‐up data before the intake separation (left), during the intake separation
(center), and after the intake separation (right)
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intake separation. The combined histograms for raw magnitude values of the HOS for cases when intake separation
is present and is not present are shown in Figure 10.
One can see from Figure 10 that the histograms are essentially overlapped that makes detection of the intake sepa-
ration using raw HOS values complicated. One can observe from Figure 10 that use of simple thresholding of raw HOS
will not provide good diagnostic results.
The effectiveness of the health monitoring technology proposed here for intake separation diagnostics depends on
threshold T chosen for summation in Equation (2). Using the data for the first run‐up, this dependency was evaluated
and shown in Figure 11.
It can be seen that a good separation between the cases, in which intake separation is or is not present, could be
achieved in the range of thresholds 0.2–0.5 with the maximum at the threshold value of 0.4. The values of the Fisher
criterion (Equation 3) are low after the value of the threshold of 0.6. The histograms of the diagnostic features (Equa-
tion 2) for the areas without and with the intake separation obtained for optimal threshold value for the first run‐up
data are shown in Figure 12.
For in‐service diagnostics of the intake separation, a comparison with the detection threshold TD can be used. It can
be seen from the histograms in Figure 12 that there is a full separation between the features, characterizing the normal
operation of the aircraft engine, and operation of the aircraft engine with presence of the intake separation. The error‐
free diagnostics can be potentially achieved using the detection threshold TD, set in the range of values of the diagnostic
feature (Equation 2) from 13 to 20.
The signal processing of the second data set was done using parameters, obtained during the optimization procedure
based on the first run‐up data. This approach reproduces worst case scenario of real‐life conditions when it is not pos-
sible to fine tune parameters for every data to be processed.FIGURE 10 Histograms of the raw HOS values for the first run‐up data
FIGURE 11 Dependency of the Fisher criterion value on summation threshold
FIGURE 12 Histograms of the diagnostic features for the first run‐up data
FIGURE 13 Magnitude values of the short time higher order spectrum during the intake separation event for the second run‐up data
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FIGURE 14 Magnitude values of the short time higher order spectrum before the beginning of the intake separation event for the second
run‐up data
FIGURE 15 Magnitude values of the short time higher order spectrum after the end of the intake separation event for the second run‐up
data
FIGURE 16 Histograms of the raw HOS values for the second run‐up data
GELMAN ET AL. 11 of 14
FIGURE 17 Histograms of the diagnostic features for the second run‐up data
12 of 14 GELMAN ET AL.A deeper insight into behavior of the diagnostic features for second run‐up data can be given by considering the short
time higher order spectrum values within the interval of identified intake separation phenomenon (Figure 13) and out-
side of it (Figures 14 and 15). One can see that the short time higher order spectrum obtained using the data from time
interval 20–24 s (Figure 13), which represents the intake separation event, has significant number of components with
amplitudes 0.4–0.5. There are also many components with larger amplitudes.
At the same time, both the short time higher order spectra for data before (Figure 14) and after (Figure 15) intake
separation are significantly quieter.
The areas representing the engine condition before, during and after the intake separation were designated according
to Figure 4. Taking an advantage of that information, histograms of raw HOS values (Figure 16) and the diagnostic fea-
tures (Figure 17) were obtained using the same signal processing methodology as for the first run‐up data. The same
parameters, obtained as a result of optimization performed for the first run‐up data, were used here: record size of 4
s and segment size of 0.5 s with overlap between segments fixed at 65% level.
One can see from Figure 16 that the histograms related to the raw HOS values are essentially overlapped for the cases
of with and without intake separation. One can observe from Figure 16 that use of simple thresholding of raw HOS data
will not provide good diagnostic results. So, diagnostics of the intake separation, using the raw HOS values, is noneffec-
tive. From the histograms shown in Figure 17, one can see that the health monitoring technology, proposed in this
paper for intake separation diagnostics, performs well and provides a full separation between diagnostic features
representing intake separation event and baseline data (with optimal selection of the detection threshold TD).
Optimal detection threshold TD for this case is 14.2; it falls into the interval of optimal detection thresholds, obtained
for the first data set: 13 to 20. In case of nonoptimal selection of parameters for the proposed technology, its perfor-
mance will somewhat degrade, but overall performance remains fairly high as it can be seen from the results with non-
optimal parameter selection in Figure 17.6 | CONCLUSIONS
The novel generic health monitoring technology for in‐service diagnostics of the intake separation in aircraft engines is
proposed and experimentally validated in this paper for the first time in worldwide terms. The technology is based on
the novel integrated diagnostic feature, extracted from structural vibration data of an aircraft engine. The research,
described in this paper, is promising and leading in the research area, related to nonlinearity diagnostics in aircraft
engines.
As a result of the extensive literature review, covering the physical background of a flow separation phenomenon, its
influence on reliability of an aircraft engine and the approaches for flow separation detection, a novel signal processing
technique was identified that is suitable for in‐service health monitoring and diagnostics of the intake separation based
on the engine vibration signal. Novel integrated diagnostic feature was designed using the identified signal processing
technique.
GELMAN ET AL. 13 of 14Novel experimental investigation of this diagnostic feature, applied to an aircraft engine vibration data with and
without intake separation, has shown a distinctive difference between these cases: Value of the proposed integrated fea-
ture increases significantly when intake separation present. Following this finding, the novel health monitoring technol-
ogy, based on the integral measure, was developed.
Optimization of the signal processing parameters of the proposed technology, maximizing the separation between
diagnostic features, has been performed. As a result, full separation between the diagnostic features for the data with
intake separation event and without event was achieved for two real‐life examples of the aircraft engine run‐up data.
Full separation between the diagnostic features demonstrates a potential of the proposed health monitoring technology
for error‐free health monitoring and diagnostics of the intake separation with corresponding reduction of a structural
damage risk and extension of the service life of engine's structural components.
The proposed technology presents a fundamental new concept; it will make a major influence on health monitoring
and diagnostics of nonlinear effects in aircraft engines and other types of rotating machinery and also can be effectively
employed for other nonlinear structural health monitoring tasks.ACKNOWLEDGEMENT
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